We introduce the (panel) zero-inflated interval regression (ZIIR) model, which is ideally suited when data are in the form of groups, and there is an 'excess' of zero observations. We apply our new modelling framework to the analysis of visits to the general practitioner (GP) using individual-level data from the British Household Panel Survey. The ZIIR model simultaneously estimates the probability of visiting the GP and the frequency of visits (defined by given numerical intervals in the data). The results show that different socioeconomic factors influence the probability of visiting the GP and the frequency of visits.
I. Introduction and Background
In this paper, we introduce the zero-inflated interval regression (ZIIR) model which is ideally suited when the variable of interest is grouped in some way and there is an excess of zero observations. The standard approach to modelling grouped data is the interval regression approach (see, for example, Greene and Hensher, 2010) , which is based on the ordered probit model but with known boundary parameters. A key advantage of this approach is that it is now possible to identify the scale of the dependent variable (in contrast to the ordered probit approach). However, there are circumstances in which outcomes at the extensive margin may be driven by different processes than those that dictate positive outcomes. Grouped dependent data that exhibit a build-up of 'excess' zeros is one likely manifestation of such a situation. It is therefore necessary to introduce a more flexible parametric specification into the standard interval regression to accommodate such divergent processes in order to avoid the potential for biased and inconsistent estimates. In such a case we propose generalising the interval regression framework along the lines suggested by Harris and Zhao (2007) for ordered dependent variables.
Grouped data are commonly found in surveys where, for example, individuals are asked to provide their responses within particular ranges. This occurs across a wide spectrum of areas such as income bands, the number of general practitioner (GP) or hospital visits, and drug, alcohol and cigarette consumption. And in many of these cases, moreover, there is a strong possibility for the presence of excess zeros. In order to illustrate our modelling framework, we apply the ZIIR approach to the modelling of grouped data on visits to the GP.
II. The Zero-Inflated Interval Regression Model
As with the Zero Inflated Ordered Probit (ZIOP) model of Harris and Zhao (2007) , we define an observable random variable y that assumes the discrete ordered values of 0, 1, ..., J, where unlike the former, here these individual level outcomes have direct quantitative meaning.
Unlike the ordered probit approach, in the interval regression case, due to the known grouping structure, the boundary parameters are fixed (at µ = 1, 3, 6 and 11, in the example presented in Section III below). As with the ZIOP model, the proposed ZIIR model involves two latent equations: a binary probit equation and an interval regression (or an ordered probit one, in the former). As with double-hurdle models (Jones, 1989) , to observe non-zero 'consumption', individuals must overcome two hurdles: whether to 'participate' and, conditional on participation, how much to 'consume'.
Let r denote a binary variable indicating the split between Regime 0 (r = 0 for nonparticipants, generally defined) and Regime 1 (r = 1 for participants). Although unobservable, r is related to a latent variable * via the mapping r = 1 for * > 0 and r = 0 for * ≤ 0. * represents the propensity for participation and is related to a set of explanatory variables ( ) with unknown weights , and a standard-normally distributed error term, :
Conditional on r = 1, consumption levels under Regime 1 for participants are represented by a discrete variable � ( � = 0, 1, … , ) generated by an interval regression model via a second latent variable � *
with explanatory variables � � with unknown weights y β and a normally distributed error term , with the standard mapping of:
Thus the major difference between the ZIIR and the ZIOP models, is that in the former the are known and therefore that the scale of y can now be identified, . Neither � nor r are directly observed. The observability criterion for observed y is
An observed = 0 outcome can arise from two sources: = 0 (the individual is a nonparticipant); = 1 (the individual is a participant) and jointly that = 1 and � = 0 (the individual is a zero-consumption participant). To observe positive y, the individual is a participant ( = 1) and � * > 0 . As the unobservables and v relate to the same individual, we will assume that ( )
, that is they are related with covariance = .
For ease of notation, let the combined set of explanatory variables represent the union of and . Then, on the assumption of joint normality, we have that:
and
where Φ 2 (. , . ; ) represents the standardised bivariate normal distribution, with correlation coefficient, . Thus a zero observation is explicitly allowed to come from one of two sources, and this can account for the observed 'excess' build-up of such zeros.
As a further extension, when panel data are available, we can condition on individual unobserved heterogeneity by including (the usual additive and time-invariant) unobserved effects in equations (1) and (2), call these ir α and iy α respectively, which are assumed to be normally-distributed with mean zero and covariance matrix ∑
This further innovation complicates estimation meaning that each unit's it likelihood contributions are no longer independent; and the likelihood for each i is the product over .
These unobserved effects need to be integrated out of the likelihood function; here undertaken via simulation techniques using Halton sequences of length 50.
2 Collecting all parameters of the model together in θ, the simulated log-likelihood function is
where , it m P corresponds to the probability of the chosen outcome by individual i in period t as given by the appropriate element of equation (5) (1) 
and (2).
It is useful to summarise here explicitly how this approach, and therefore likelihood function, differs from that of Harris and Zhao (2007) , upon which the current approach is based. Firstly, as we have panel data, unlike Harris and Zhao (2007) , we can readily condition on the (likely) unobserved heterogeneity in both equations ( ) , ir iy α α , and their correlation. These accordingly need to be integrated out of the likelihood function, and hence the need for simulated maximum likelihood (clearly this would not be required if only crosssectional data were available). Also, due to the cardinal nature of the dependent variable here, the scale of this is meaningful, such that we can now estimate whilst fixing the boundary parameters at their known values (which are parameters to be estimated in Harris and Zhao, 2007) .
In the usual interval regression, expected values (EVs) are simply given by where (.) 1 is the indicator function, the censored expected value ( )
This is equivalent to equation (8) scaled by the (bivariate) probability Pr( 0 )
The importance of both expected values (8) and (9) 
III. Application
A substantial amount of empirical research has explored GP visits focusing on explaining the number of visits made by individuals within a specified time period, typically characterised by a significant proportion of zero observations and a small number of observations indicating frequent visits. As such, count data techniques have been popular in the existing literature. A particular focus relates to whether 'zero' observations reflect non-participants (individuals who never visit a GP) or individuals who are potential, or infrequent, participants (they do visit their GP, but not during the study period). Zero-inflated count models distinguish between these two sources of zeros, treating the cluster at zero as a mixture of these two processes (for example, Freund et al., 1999 , Wang, 2003 , and Gurmu and Elder, 2008 and poor (the omitted category). For identification, we include two additional variables in the probit component: whether the individual has had dental or eyesight checks in the previous year. Our justification is that the initial participation decision is influenced by the individual's general attitudes towards health related behaviours which are reflected in their propensity to undergo regular elective health screening. As is common in the health economics literature, we split our analysis by gender. For brevity, here we focus on males. Additionally, we focus on England only as health system policies have evolved differentially across the different countries of the United Kingdom. 7 Deflated to 1991 prices. 8 We control for the eleven standard regions of England. 9 Note that, although the primary rationale for introducing a probit equation into the interval regression is to build a more flexible specification to deal with excess zeros, the parameters of the participation equation are likely to be of interest in their own right in capturing potential drivers of visits to the GP. We are grateful to an anonymous referee for highlighting this important point.
With the exception of the dental and eyesight checks, we include the same set of explanatory variables in the interval regression part of the model as well as additional controls for the number of hours spent caring for an adult in the household, whether or not they care for someone outside the household, whether they have use of a car, and their weekly hours spent on housework. The assumption here is that the frequency of visits is determined by the availability of time and ease of travel to the GP. Table 1 presents the marginal effects associated with the expected values of: (i) the unconditional number of GP visits, and; (ii) the number of GP visits conditional on visiting the GP, where the marginal effects relate to the actual number of GP visits. 10 The final column shows the marginal effects associated with the probability of non-participation. The overall expected value predicts 2.3 visits to the GP over the last 12 months, with the expected value conditional on participation being higher at almost 3.5 visits.
Results
Turning first to the marginal effects associated with the probability of non-participation, we see a clear age effect on participation, with older men far less likely to visit their GP than younger age cohorts: moreover, this effect is steeply increasing in age. who have a 3 percentage point higher probability of participation than the employed reference category. Whilst men in excellent/good/fair health visit the GP less frequently than those in poor health, they are also more likely to participate (for excellent health, with around an 11 percentage point higher probability). 11 Positive income effects are evident in the probability of non-participation, with a one per cent increase in annual income reducing the chance of visiting a GP by around 2.3 percentage points. Smokers are around 1 percentage point more likely to be a non-participant. The two identifying variables in the participation (probit) part of the model (indicators for dental and eyesight checks) are both statistically significant and exert negative effects on the probability of non-participation. These findings perhaps signify that such individuals are generally more likely to engage with health care professionals.
12,13
Turning now to the first two columns in Table 1 , we look at the influence of the explanatory variables on both the unconditional and conditional frequency of GP visits. We have seen above that older men are more likely to be non-participants. However, they also have a higher expected number of visits -the oldest age group have 0.43 more visits on average per year compared to the youngest age group in the unconditional expectation (0.31 more visits in the conditional expectation). Similarly education exerts a positive effect on the frequency of visits. The role of household size and being married increases the unconditional expected value but, once conditioned on visiting the GP, household size has a negative effect and marital status is insignificant. Being unemployed or out of the labour market are both associated with a higher expected number of visits.
11 To allow for the potential endogeneity of SAH, we follow Terza et al. (2008) 's two stage residual inclusion, where the first stage residuals from modelling SAH (as a consistently estimated dynamic random effects ordered probit model) are included as additional regressors in the second stage along with the observed value of SAH. The first stage residuals are positive and statistically significant throughout, indicating that self-assessed health is an endogenous variable thereby endorsing our two stage residual inclusion approach. 12 We have also explored specifications with Mundlak fixed effects by including individual level mean variables for all time varying control variables. 13 Note that although dental and eyesight checks are only included in the binary probit equation for GP visits, all variables in the model have a direct and/or an indirect effect on the expected values as can be seen from equations (8) and (9).
For both types of expected values, smokers visit the GP less frequently than non-smokers.
Out of the additional controls in the interval regression part, those men who have the use of a car, and thus can travel more easily, visit their GP more frequently and those who do more housework, and thus have less free time, visit less frequently. Both findings are in line with our justification for including these variables. 14 Quantitatively the most important determinant of the number of GP visits is, somewhat unsurprisingly, SAH, which has a monotonic effect; someone with excellent health has, on average, almost seven fewer visits (in the unconditional expectation) that someone in poor health.
In order to compare our results to a more 'naïve' estimator with no flexibility at the extensive margin, we report the results of a standard interval regression in Table 2 ; a number of key differences emerge. The standard approach suggests that men aged 31-45 visit the GP less than younger men, whereas our model reveals that this age group are in fact less likely to be a non-participant with no significant effect on frequency of visits. Household size and living in an urban area have no effect in the standard model; in our model they both impact negatively on the probability of being a non-participant, and have significant effects on both the unconditional and conditional frequency of GP visits. Finally, weekly hours of housework have a positive effect in the standard interval model and a negative effect in the extended framework.
IV. Conclusion
We have proposed a ZIIR model for instances where there are groupings of data with a buildup of observations at 'zero', and applied this to a problem of grouped data on GP visits. The findings from this flexible statistical framework indicate that socio-economic factors have different influences across the two parts of the model, which potentially provides accurate 14 Caring responsibilities are not statistically significant but these behaviours are not very prevalent in our sample with only 8% of men providing care for another adult.
information to policy-makers concerned with healthcare allocation. Furthermore, this new model is widely applicable to areas where the outcome of interest is grouped. 
